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During aging, human white matter (WM) is subject to dynamic structural changes which 
have a deep impact on healthy and pathological evolution of the brain through the 
lifespan; characterizing this pattern is of key importance for understanding brain 
development, maturation and aging as well as for studying its pathological alterations. 
Diffusion Magnetic Resonance Imaging (MRI) can provide a quantitative assessment of 
the white-matter microstructural organization that characterizes these trajectories. Here, 
we use both conventional and advanced diffusion MRI in a cohort of 91 individuals (age 
range: 13-62) to study region- and sex-specific features of WM micro-structural integrity 
in healthy aging. We focus on the age at which microstructural imaging parameters invert 
their development trend as the timepoint which marks the onset of microstructural decline 
in WM. Importantly, our results indicate that age-related brain changes begin earlier in 
males than females and affect more frontal regions - in accordance with evolutionary 
theories and numerous evidences across non-MRI domains. Advanced diffusion MRI 
reveals age-related WM modifications patterns which cannot be detected using 
conventional DTI.  




In recent years, in addition to the well-known role of brain white matter (WM) in 
a number of degenerative and psychiatric disorders (Goveas et al., 2015), its key 
importance in nearly every aspect of healthy cognition has been widely recognized (Filley 
and Fields, 2012). During the lifespan, WM evolves across multiple spatial scales, 
ranging from molecular to macroscopic. In humans, myelination of axonal fibers begins 
during gestation and continues into adulthood through the second-third decades of life 
and possibly beyond (Yakovlev and Lecours, 1967; Miller et al., 2012). Concurrently, 
aging causes a degradation of WM tissue integrity mostly connected to myelin breakdown 
(Bartzokis et al., 2010) and accompanied by low-grade chronic inflammation (Franceschi 
et al., 2007). Characterizing WM evolution across the lifespan in the healthy population 
is therefore critical for understanding brain development, maturation and aging as well as 
and for studying its pathological alterations. 
Diffusion tensor imaging (DTI, Basser et a., 1994) is a non-invasive in vivo 
method for characterizing WM, which provides a quantitative assessment of its 
microstructural organization. DTI is sensitive to the distribution of the barriers 
encountered by water molecular diffusion within biological tissue (mostly axonal 
membranes and myelin, according to Beaulieu et al., 1994). DTI studies across the 
lifespan have shown a progressive increase in fractional anisotropy (FA) during the first 
two decades of life, followed by a decrease which progresses at a faster rate after 60 years 
(de Groot et al., 2016). This pattern is believed to reflect axonal and myelin changes 
(Kemper, 1994). 
WM microstructure maturation during the lifespan is heterogeneous across brain 
regions, and there is converging evidence for an anteroposterior gradient in age-related 
WM changes (Davis et al. 2009). This is in keeping with the hypothesis that neuronal 
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vulnerability with aging is higher in the prefrontal cortex (PFC) (Mattson and Magnus, 
2006). This pattern is particularly evident in the corpus callosum, the major inter-
hemispheric WM pathway in the brain, in which increased vulnerability to aging is more 
prominent in the genu (anterior part of the corpus callosum) as compared to the splenium 
(posterior corpus callosum) (Sullivan et al., 2010; Fan et al., 2019).  
While sex differences in WM have been extensively reported using DTI (Kanaan 
et al. 2012), interactions between sex and age reported to date are either no significant 
(Sullivan and Pfefferbaum 2006) or small/inconsistent (Cox et al., 2015). However, it is 
reasonable to believe that WM trajectories are also sex-specific. Animal studies showed 
that age-related changes in myelination are more prominent in males than females (Yang 
et al. 2008), and studies examining cognitive and emotion processing consistently 
highlighted that age-related decline begins earlier in men as compared to women (Gur 
and Gur, 2002). Notably, brain metabolism (as assessed via positron emission 
tomography) has been reported to be on average, a few years “younger” in females than 
in males (Goyal et al., 2019). Imaging results analyzing large cohorts point at the 
existence of structural and functional gender differences in adults (Ritchie et al., 2018; 
Lotze et al., 2019). Evolutionary theories also support the existence of sex differences in 
aging trajectories, which could be linked to diverse factors that cause sex-specific 
mortality (Chen and Maklakov, 2014). Clarifying this interaction is therefore a key 
prerequisite to employ diffusion MRI measures as reliable biomarkers. In this context, an 
important factor in partially explaining the lack of sex-specific diffusion MRI findings in 
aging could be the widespread use of conventional DTI-derived measures, which lack 
sufficient sensitivity to characterize axonal microstructural integrity (Beaulieu, 2002; De 
Santis et al., 2014).  
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Advanced multi-shell diffusion-weighted imaging methods, including the 
Composite Hindered and Restricted Model of Diffusion (CHARMED; Assaf and Basser, 
2005), address these limitations by explicitly separating intra- and extra-axonal diffusion 
compartments and thereby estimating the restricted signal fraction (FR). Importantly, the 
CHARMED model explores very high diffusion weightings or b-values, maximizing the 
sensitivity towards axonal integrity, and accounts for crossing fibers (up to three 
populations in each voxel). It was recently shown (De Santis et al., 2017, De Santis et al., 
2019, Toschi et al. 2019) that FR is more sensitive to axonal integrity as compared to 
DTI. 
Previous studies have looked into the benefits of advanced multi-shell diffusion 
at relatively low b-value for characterizing different aspects of brain microstructure in 
normal aging (Billiet et al. 2015; Cox et al., 2015; Nazeri et al., 2015; Beniteza et al. 
2018; Slater et al., 2019), but no-one thus far has examined the age at which age-related 
changes begin, or the possibility that sex-related effects may drive age dependent changes 
in WM using a high b-value approach. Therefore, in this study we hypothesized that 
advanced diffusion MRI would disclose regional and sex-specific patterns of WM 
changes that have thus far eluded conventional DTI-based assessment. Specifically, we 
expected that men would show an earlier onset of age-related degradation, especially in 
prefrontal WM.  
 
2. Methods 
2.1 Data Acquisition 
We employed the publicly available National Taiwan University Diffusion Spectrum 
Imaging MRI dataset, composed of n=91 participants in the range 13-62 (Yeh et al., 
2011). 
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The participant population comprised 49 males (mean age 32+/-13 years) and 42 females 
(mean age 33 +/- 13 years). No statistically significant age difference was found between 
sexes (P=0.555, two-sided two sample t-test; age histograms in Supplementary Fig.1). 
Participants did not report any history of neurological or mental disorders, nor were they 
taking psychotropic medication concurrent with MR imaging. Diffusion weighted images 
were acquired on a Siemens Trio scanner using a 2D EPI diffusion sequence 
(ep2d_diff_MGH-DSI2_050922) with the following parameters: TE=142 ms; TR=9100 
ms; in-plane resolution 2.9 mm; slice thickness 2.9 mm; matrix 128X128, 49 slices. A 
multi-shell gradient scheme was used with a total of 203 grid sampling points as proposed 
by an optimization study (Kuo et al., 2008), with a maximum b-value of 6000 s/mm2. The 
gradient orientations were distributed in each b-value shell in the following way: 6 
orientations for b=62 s/mm2, 12 for b=923 s/mm2, 8 for b=1385 s/mm2, 6 for b=1846 
s/mm2, 24 for b=2300 s/mm2, 24 for b=2800 s/mm2, 12 for 3700 s/mm2, 30 for b=4100 
s/mm2, 24 for b=4600 s/mm2, 24 for b=5100 s/mm2, 8 for 5500 s/mm2, and 24 for b=6000 
s/mm2. The total scanning time for all diffusion MRI data was 45 min.  
 
2.2 Data Processing 
Diffusion pre-processing included motion and eddy current correction followed by b-
matrix reorientation and was performed using the software ExploreDTI (v.4.8.4, 
http://www.exploredti.com/) (Leemans et al., 2009). The 33 gradient orientation 
belonging to lower b-value shells (up to b=1846 s/mm2) and the b0 were used to run DTI 
analysis using ExploreDTI. In this analysis, the tensor model was fitted using a Robust 
Estimation of Tensors by Outlier Rejection approach (Chang et al., 2005), after which the 
following maps were computed for each participant: fractional anisotropy (FA), mean 
diffusivity (MD), axial diffusivity (AD) and radial diffusivity (RD). Subsequently, all 
shells and all images were employed to fit the CHARMED model (Assaf and Basser, 
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2005) using a non-linear least square fitting routine implemented as in-house software 
written in MATLAB R2015b (The MathWorks, Natick, MA, USA). CHARMED 
separately models the contribution of the signal originating from the extra-axonal space 
(that undergoes hindered diffusion, described as a tensor) and that originating from the 
intra-axonal space (that undergoes restricted diffusion, described using the expression for 
restricted diffusion in cylinders proposed by Van Gelderen et al., 1994), as schematized 
in Figure 1. We then estimated the total signal fraction of the restricted (i.e. modeled as 
intra-axonal) diffusion compartment FR, the orientation of the restricted compartment, 
the diffusivity of the restricted compartment, the extra-axonal tensor (without relying on 
the tortuosity approximation as defined in Szafer et al. 1995) and a noise term, for a total 
of 19 parameters. The initialization values fed to the fitting routine were: FR=0.3 (range 
0-1), orientation [0 pi/2] (range 0 pi/2), diffusivity=1*10-3m2/s (range 0.1-5) for each 
fiber, diffusion tensor [0.3 0.3 1.2 0 0 0] (range [0.1 0.1 0.1 -3 -3 -3] - [5 5 5 3 3 3]), and 
noise 0  (range 0-1). All fit parameters can vary within their physically plausible range, 
i.e., diffusivities must be positive and smaller or equal to the diffusivity of free water. FR 




Figure 1: While DTI models the diffusion as hindered (left), CHARMED (right) models 
the signal as originating in part from the extra-axonal space, which undergoes hindered 
diffusion (in blue), and in part intra-axonal space, which undergoes restricted diffusion 
(in red) using two different analytical probability distribution functions (Assaf et al., 
2005). 
 
2.3 Whole-brain diffusion parameter extraction 
To perform whole brain analysis, we combined the normalization and skeletonization 
routine included in FSL (Smith et sl. 2006) with an automatic region of interest (ROI)-
based aggregation based on WM labelling in standard space (JHU ICBM DTI 81 Atlas 
by Mori et al. 2008, also available in FSL, total 50 ROIs) as previously described (De 
Santis et al., 2012). This allows to simultaneously minimize registration- and 
interpolation-related biases (through skeletonization) and increase sensitivity through 
ROI-wise averaging (Coutu et al. 2014). In detail, FA maps computed from the DTI 
model were fed into an in-house modified version of the Tract-Based Spatial Statistics 
(TBSS) routine (Smith et al., 2006), in which the normalization to MNI standard space is 
performed using more accurate registration tools (ANTs package, Klein et al., 2009). The 
warp fields were then employed to transform all other images into a common (MNI) 
space, in which the skeletonization transform computed above is applied to all other 
maps. After skeleton extraction, the skeleton is combined with the ICBM DTI 81 Atlas, 
and for all participants and parameters, mean values are calculated for each parameter in 
each ROI belonging to the WM parcellation. 
 
2.4 Statistical analysis 
2.4.1 Modeling of onset age 
We assess the age at which the WM microstructural imaging parameters (conventional 
i.e., FA, MD, AD and RD, and advanced, FR) invert their development trend, and 
interpret this age as a ‘turning point’ in microstructural changes: we refer to this as “onset 
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age”. In a first analysis, we aimed to characterize the spatial distribution of the onset age. 
Previous studies have used a quadratic regression order to model the non-monotonic 
microstructural evolution between 1) adolescence and maturity (increasing anisotropy, 
decreasing diffusivities) and 2) maturity and older adult age (decreasing anisotropy, 
increasing diffusivities) (Billiet et al., 2015; Xie et al., 2016). Therefore, for each ROI we 
modeled microstructural parameters across participants as follows: 
(1) P=A+B*sex+C*age+D*age2   (model 1) 
where P is the ROI-averaged microstructure parameter P = {FA, MD, RD, AD, FR} and 
A, B, C and D are the regression coefficients. Here the onset age (i.e. peak of the parabola, 
see Figure 2A) can be calculated as -C/2D, and the sign of the regression coefficient D 
indicates the direction of the trend (positive: upward parabola, negative: downward 
parabola). This first model accounts for sex differences in microstructural parameter 
values while assuming a unique onset age across sexes. The model-wise p-value was 
corrected for multiple comparisons across ROIs using a false discovery rate (FDR) 
approach (alpha = 0.05). P<0.05 was considered statistically significant. In regions where 
significant effects were found, the skeleton was inflated for visualization purposes using 
the routine “tbss_fill” included in FSL. 
 
 10 
Figure 2. ROI-wise regression models across participants. a) Quadratic model with age 
and sex effect, but no interaction between age and sex (see 2.4.1). This model assumes a 
unique onset age across sexes. b) Quadratic model with sex age and effect as well as sex 
* age interaction (see 2.4.4). This model allows for different, sex-specific onset ages. 
 
2.4.2 Spatial distribution of onset age 
To investigate spatial trends (anterior-posterior: A-P; inferior-superior: I-S, left-right: L-
R) in onset age across the brain independently of sex, the relationships between onset age 
estimated through model 1 and A-P, I-S and L-R coordinates of the ROI-wise geometric 
centers (i.e. average position of each ROI within the brain) were tested using linear 
regression. P<0.05 was considered statistically significant. This analysis was performed 
in all ROIs in which the quadratic dependence on age (coefficient D in model 1) was 
found to be statistically significant (P<0.05). 
2.4.3 Comparison of onset age across indices 
In order to compare the onset age across indices, we employed a Friedman test for 
repeated measures (factor: index), followed by post-hoc comparison and Bonferroni 
correction for multiple comparisons across indices. P<0.05 was considered significant. 
As above, this analysis was performed in all ROIs in which the quadratic dependence on 
age (coefficient D in model 1) was found to be statistically significant (P<0.05). 
2.4.4 Sex - onset age interaction 
In a second analysis, we aimed at exploring a putative sex-related difference in onset age. 
To this end, for each ROI we modelled microstructural parameters using an additional 
interaction term as follow: 
(1) P= A+B*sex+C*age+D*age2+E*sex*age   (model 2) 
where P is the ROI-averaged microstructure parameter as above, and A, B, C, D and E 
are the regression coefficients, from which the (sex-specific) onset age can be calculated 
as –(C+E*sex)/2D (see Figure 2B). This second model allows for sex differences in 
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microstructural parameter values as well as for sex-specific onset ages. For each 
parameter, onset age was compared between sexes using a Wilcoxon signed-rank test, 
and P<0.05 was considered statistically significant.  
 
3. Results 
3.1 Quadratic dependence between imaging parameters and age  
As a preliminary step, we employed a model selection criterion (Bayesian Information 
Criterion (BIC)) for each imaging parameter and for each ROI to compare between linear 
and quadratic models. Across all parameters and ROIs, the quadratic model is consistently 
selected by the BIC, except in 3 ROIs for FR, where a linear model is chosen (medial 
lemniscus, inferior cerebellar peduncle, tapetum). Accordingly, these 3 data points were 
excluded from following analyses. Figure 3 shows the portion of the skeleton in which 
the quadratic regression term (model 1) was found to be statistically significant for FA 
(22% of ROIs), MD (54% of ROIs) and FR (64% of ROIs). P-values are reported in 
Supplementary Table 1. Notably, the WM afferences to the frontal lobe show a quadratic 
dependence on age for FR only. All results for AD and RD are reported as supplementary 
materials (Figure S2 and S3). 
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Figure 3. Portion of the parcellated skeleton where a significant quadratic dependence 
between the microstructural parameter and age was found in model 1. Color indicates 
the sign of the regression coefficient: red-yellow indicates a positive coefficient (upward 
parabola), blue-lightblue indicated a negative coefficient (downward parabola). FR is 
the parameter for which the quadratic trend is significant in the highest number of regions 
(64%), and notably in the frontal WM (white arrow). 
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3.2 Spatial distribution of onset age 
Regression analysis for all ROIs (onset age against position of ROI in the brain) revealed 
a significant age onset gradient for MD and FR indices in both A-P and I-S directions 
(Fig. 4). No significant L-R gradients were found in any indices. 
 
Figure 4. a)-i): Onset age as a function of position in all ROIs where the quadratic 
dependence on age was statistically significant in model 1, plotted as a function of the A-
P (left), I-S (center) and L-R (right) coordinates of the geometric center of each ROI. 
Whenever the linear regression is statistically significant, the R2-value, p-value and the 
regression line (dashed grey line) are reported. 
 
As an example, and for visualization purposes, Fig. 5 depicts three specific ROIs 
belonging to the corpus callosum, along with the corresponding scatterplots and estimated 
quadratic regression curves for FA, MD and FR. The A-P gradient in onset age is clearly 
visible in all corpus callosum for FR and partially (body and splenium) for MD. 
 14 
 
Figure 5. a) Onset age in the corpus callosum estimated from FA (a), MD (b) and FR 
(c); d)-f) scatterplots of FA vs. age in the three ROIs of the corpus callosum (splenium, 
body and genu, respectively); g)-i) scatterplots of MD vs. age; j)-l) scatterplots of FR vs. 
age. When the quadratic coefficient D in model 1 was statistically significant, the fitted 
parabola is shown as a dotted line. The vertical dashed line highlights the peak of the 
parabola, whose position indicates the onset age. 
 
3.3 Comparison of onset age across indices  
Figure 6 summarizes the onset age for all microstructural parameters, including all ROIs 
in which the quadratic dependence on age was statistically significant in model 1. Onset 
age estimated by FR is notably lower than onset age estimated by all other parameters in 
a large number of ROIs. The Friedman test for repeated measured shows a significant 
effect of index (P=0.03). Overall, median onset age (across ROIs and independent of sex) 
estimated by FR (37.7 years) was significantly lower (p=0.024) than median onset age 
estimated by MD (43.5 years). When calculated only in ROIs in which the quadratic 
model was significant across all indices (right internal capsule, left corona radiata, right  
thalamic radiation, right external capsule, right cingulum, superior longitudinal fasciculus 
bilaterally), the same difference in median onset age is found across indices: 39.4 years 
for FA, 42.2 years for MD and 37.9 years for FR. Location of the onset age is reported in 





Figure 6. Onset age calculated for all microstructural parameters in all ROIs in which 
the quadratic dependence on age is statistically significant in model 1. Median values are 
39.6 years for FA, 43.5 years for MD and 37.7 years for FR. Thick bracket and hashtag 
refer to Friedman statistic, thin brackets and asterisks refer to post-hoc comparisons 
between indices. Thick horizontal lines: medians; boxes: quartiles; whiskers: extremes. 
 
3.4 Sex and sex - age interaction  
Sex is significantly associated with FA in 2 regions and with FR in 34 ROIs, with men 
displaying higher mean value of FA (0.63+/-0.12 vs 0.61+/-0.11) and FR (0.34+/-0.06 vs 
0.31+/-0.06) compared to women. FR shows significant age-sex interactions in 14 ROIs 
(Fig. 7), notably: the corpus callosum (Fig. 7b), the corona radiata, the sagittal stratum, 
the inferior fronto-occipital fasciculus and inferior longitudinal fasciculus. Both FA and 
MD show significant age-sex interactions in one ROI each (the left anterior corona radiata 
and in the fornix, respectively). P-values are reported in Supplementary Table 1. In all 
ROIs where the quadratic term of model 2 is significant, the decline starts earlier in males, 
with an average age across ROIs (calculated from model 2) for FR of 29.1 years for males 
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and 43.4 years for females. Difference in onset age across sexes is reported in 
Supplementary Figure 5.  
Global metrics for FA, MD and FR calculated in the whole skeleton show the same trend 
observed in ROIs, as reported in Supplementary Figure 6. The presence of an age-sex 
interaction may explain the high variability in the FR onset age calculated using model 1 
(Fig. 6). The Wilcoxon signed-rank test confirmed that the ages are significantly different 
(p<0.0001). The median onset ages in males and females for FR is shown in the box-
whisker plot included in Fig. 7c. The same results for DTI indices are reported in 
Supplementary Figure 7. 
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Figure 7. a) Portion of the parcellated skeleton where the sex * age term was found to 
be statistically significant in model 2 for FR. The same analysis for DTI measures is 
reported in the supplementary material. b) Scatterplots of FR vs. age in the two ROIs of 
the corpus callosum (splenium, upper panel, and genu, lower panel) with quadratic model 
and peak, reported in red for males and in blue for females.  c) Sex differences in FR 
calculated in ROIs where the interaction term is significant are reported. Asterisks 




This study focuses on WM microstructural evolution in healthy aging as measured 
through both conventional and advanced DTI measures. Importantly, we found that 
females show, on average, a 14-year delay (relative to males) in the beginning of the FR-
related changes in WM integrity, and that this result can be evidenced by using advanced 
diffusion imaging only (as compared to canonical DTI). All in all, FR show previously 
undisclosed sex and regionally-specific patterns of WM changes, consistent with 
converging observations from in multiple non-MRI domains and compatible with 
evolutionary theories (Chen and Maklakov, 2014).  
Some previous studies have looked into the benefits of advanced multi-shell diffusion for 
characterizing brain microstructure in normal aging. Almost all of them used NODDI 
(Zhang et al., 2012), a multi-compartment model similar to CHARMED but based on 
lower diffusion weighting or b-value. While all studies show a similar effect of age on 
microstructural parameters (Billiet et al., 2015; Nazeri et al., 2015; Benitez et al. 2018; 
Fan et al., 2019), reported sex by age interactions are either not significant or inconsistent 
(Cox et al., 2015; Slater et al., 2019). Our work differs from published work in several 
aspects, notably: 1) we used a high b-value approach (CHARMED) to increase sensitivity 
to the restricted signal; 2) thanks to the large cohort and wide age range, we focus our 
analysis specifically on the age at which age-related changes begins; and 3) we tested the 
hypothesis that the interaction between sex and age plays a role in determining onset age. 
4.1. Sex differences in the onset age of WM degeneration 
While sex differences in WM have been reported using DTI (Kanaan et al. 2012) and are 
confirmed also by our study, interactions between sex and age reported to date are either 
no significant (Sullivan and Pfefferbaum, 2006) or small/inconsistent (Cox et al., 2015). 
Our study shows a significant difference of around 14-years in onset age estimated 
through FR between males and females. Previous DTI studies had found no sex-related 
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differences (Sullivan and Pfefferbaum, 2006), while multi-shell studies found small and 
inconsistent results (Cox et al., 2015). The strong sex differences that FR revealed may 
reflect known differences in the myelin trajectories between males and females. For 
example, it has been suggested that the promyelinating effects of female hormones may 
protect from age-related vulnerabilities in the myelination process (Bartzokis, 2004). 
Interestingly, transcriptomic data support this hypothesis: aging-related changes in gene 
expression are regionally and sexually dimorphic. In other words, females show age-
related change in gene expression much later than males (between 80 and 90 years in 
females, between 60 and 70 years in males), especially in genes that regulate energy 
production and protein synthesis (Berchtold et al., 2008). A recent PET study looking at 
HDAC expression, an epigenetic enzyme family with critical importance to neural 
processes which plays a key role in myelination, has found significant gender differences 
(Gilbert et al., 2019). 
Hence, we speculate that the striking differences in FR measures that we found between 
males and females in relation to aging reflect intrinsic and substantial sex-dependent 
variability in myelin protein synthesis and production during normal aging. Still, 
additional studies in post-mortem brains are needed to confirm this working hypothesis 
and to explore the intimate molecular, cellular, and physical bases that sustain the MRI 
signal contrast underlying the FR index.  
4.2. Onset age across microstructural indices 
Our combined skeleton and ROI-based statistical approach supports a quadratic 
relationship between age and the microstructural parameters in a number of WM areas. 
Specifically, the relationships between FA/FR and age follow an inverted U-shaped 
curve, showing an initial increase, possibly associated with evolving maturation, and a 
subsequent decrease, commonly associated with WM decline (Davis et al., 2009; 
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Kochunov et al. 2011; Lebel et al., 2012). As expected, diffusivity indices show an 
opposite trend. These changes parallel some known biological transformations 
underpinning WM evolution in lifespan (Kochunov et al. 2011); for example, it has been 
shown that WM myelination follows an approximately quadratic evolution, reaching its 
maximum around mid-life, and successively declining (Bartzokis et al., 2010). Additional 
age-related biological phenomena like neuronal cell death and low-grade chronic 
inflammation may help explaining the decline in diffusion MRI indices, including both 
canonical (FA, MD) and more advanced ones (FR). However, the precise relationship 
between neuroinflammation phenomena and diffusion MRI-based models remains to be 
determined. 
Our study highlights that the WM decline estimated through FR begins much 
earlier (on average 2-5 years earlier, independent of sex) than the analogue decline 
estimated by FA and MD parameters. This difference is possibly due to the increased 
specificity to axonal integrity (which includes both myelination and axonal density) of 
the FR index compared to other DTI parameters (De Santis et al., 2019). Other studies 
have shown that multi-shell DTI is sensitive to progressive axonal loss both in lesions 
and normal appearing WM in early multiple sclerosis (De Santis et al., 2019; Toschi et 
al., 2019), the most common demyelinating disorder in the human brain (Love et al., 
2005). Interestingly, we note that FR was particularly sensitive to age-related changes in 
the white-matter microstructural integrity in the PFC, especially the genu of the corpus 
callosum. The PFC and underlying WM tracts have been shown to undergo specific age- 
and gender-related modifications that are related to distinct cognitive and behavioral traits 
that characterize adolescence or normal and pathological ageing, often with marked sex 
differences (e.g., impulsivity, aggression behavioral disinhibition, etc.) (Weinstein and 
Dannon, 2015). In line with other studies (Billiet et al., 2015; Cox et al., 2016), only few 
 21 
quadratic associations with age are found for FA, especially in the corpus callosum and 
in posterior regions. This might indicate a slower change over time, which needs to be 
better characterized collecting data with a wider range of age. All in all, the CHARMED 
axonal signal estimate FR can be positioned as a possible sensitive index for assessing 
changes in WM integrity, and holds promise as a novel biomarker in healthy and 
pathological aging.  
4.3. Spatial gradients of WM degeneration 
We also found a significant A-P gradient of WM degeneration in all indices (FA, MD and 
FR) which is in agreement with previous studies using canonical DTI indices (Bartzokis 
et al., 2012, Davis et al., 2009, Lebel et al., 2012, Salat et al., 2005). Together, these data 
are in keeping with and the ‘retrogenesis’ hypothesis (Bartzokis et al., 2012, Inano et al., 
2011, Kumar et al., 2013, Lebel et al., 2012, Madden et al., 2004, Pfefferbaum et al., 
2000, Salat et al., 2005) which posits that the WM fibers that myelinated latest during 
development (e.g., genu of corpus callosum) have thinner myelin sheaths relative to the 
WM tracts that myelinate earlier in development (e.g., splenium of corpus callosum). The 
same theory also sustains that this differential pattern of myelination results in a selective 
pattern of age-related vulnerability of the WM fibers, with the most anterior ones showing 
increased vulnerability compared with the most posterior ones.  
In addition, in the present study, we also found a significant gradient in WM 
decline along the S-I direction for FR and MD; this novel finding is compatible with 
qualitative DTI findings in a cross-sectional cohort by Sullivan et al. (2010), who 
observed a trend in DTI indices measured in the superior versus inferior fiber tracts, as 
well as with the results of a longitudinal study of annual changes in DTI indices (Sexton 
et al.; 2014). 
4.4. Strengths and limitations 
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Given the pivotal role of WM in healthy cognitive processing and in disease, 
characterizing its trajectories in normal aging is a fundamental preliminary step to better 
understand the pathological consequences of neurodegenerative disorders affecting WM. 
Our study highlights the utility of advanced diffusion MRI to characterize the WM 
microstructural integrity as well as its potential higher sensitivity to age- and sex-related 
effects relative to canonical DTI measures such as FA and MD. We believe that such 
novel diffusion techniques can become a promising early biomarker of WM integrity. 
We also identified some limitations of our study. While the CHARMED model can 
provide enhanced sensitivity relatively to traditional DTI measures, the specific 
biological substrates that contribute to FR remain to be validated in biological and animal 
models and/or in ex-vivo investigations. Still, according to how the model is designed 
(Assaf et al., 2005), there are reasons to believe that the most likely substrate determining 
FR dynamics is represented by axonal integrity, in terms of both myelin content and inner 
axonal constituents. While other similar multi-compartment models are available 
(Fieremans et al, 2011; Zhang et al, 2012; Raffelt et al., 2017), we used CHARMED as 
our main hypothesis, informed by previous work (De Santis et al., 2017, De Santis et al., 
2019, Toschi et al. 2019), was that FR is a better signature of axonal integrity compared 
to measures related to the hindered water population like those derived from DTI, and 
that its contribution is enhanced at higher b-values. While our results confirm the 
importance of acquiring high b-value datasets, future work is needed to decide which 
multi-compartment model is the most useful for such kind of data. 
It should be noted that the cross-sectional nature of this study and the relatively 
small sample size (which is, however, fairly large compared to the majority of 
monocentric imaging studies) limits the generalizability of our findings, possibly due to 
between-subject variance and cohort effects, which should be verified in longitudinal 
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datasets and in larger populations.  Furthermore, our DTI results might be not directly 
comparable to those reported in other studies due to different b-value ranges. It is also 
important to mention that additional factors other than sex could potentially influence the 
measured sex differences in WM integrity, as e.g. the cardiovascular health status; further 
studies are needed to characterize the interaction of such factors and / or comorbidities 
with brain aging trajectories. Finally, the quadratic models employed here are 
parsimonious mathematical approximations that capture age-related trends in 
microstructural parameters. The use of more versatile statistical models able (for 
example) to accommodate for different shapes and hence more degrees of freedom, might 
possibly lead to quantitatively different estimates of age of onset. However, the use of 
such models would most likely be more useful in significantly larger samples than the 
one employed here. Nevertheless, it is important to note that the onset age estimated here 
and in other studies should be only interpreted as a general indicator of a robust statistical 
effect rather than as the exact age at which the ‘true’ biological events take place (Murphy 
et al. 1996, Gur and Gur 2002, Goyal et al. 2019). 
 
5 Conclusions 
To summarize, FR (which is a sensitive proxy index for the combined effect of axonal 
and myelin integrity), has higher sensitivity than canonical DTI measures in detecting the 
age at which the WM microstructural components begin to change. This effect was 
particularly prominent in females, where the age-related WM decline was found to begin 
approximately 14 years later in comparison to males. Future studies are needed to 
replicate such findings in a longitudinal cohort of healthy aging individuals. Additionally, 
studies in clinical populations will allow to test the hypothesis that FR measures are able 
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